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   록

랜덤워크는 그래  기반의 랭킹 기법들에서 빈번히 사용되지만, 그래  간선에 음수 가 치를 

가지는 부호 그래 는 고려하지 않는다. 이 논문에서는 하이더의 균형 이론을 용하여 랜덤워크 

수행 시 음수 가 치를 처리하는 기법을 제안한다. 제안 기법은 추천 시스템에 용되었으며, 

사용자가 선호하지 않는 아이템을 걸러내는 데 효과가 있음을 실험을 통해 보인다. 제안한 

모델의 성능을 해 기존의 Top-k 랜덤워크 계산 기법인 BCA를 확장한 Bicolor-BCA 알고리즘을 

제안한다. 제안 알고리즘은 임계값이 필요한데, 실험을 통해 임계값에 따른 정확도와 성능의 

변화를 살펴본다.

ABSTRACT

RWR (Random Walk with Restart) is frequently used by many graph-based ranking 

algorithms, but it does not consider a signed graph where edges may have negative weight 

values. In this paper, we apply the Balance Theory by F. Heider to RWR over a signed 

graph and propose a novel RWR, Balanced Random Walk (BRW). We apply the proposed 

technique into the domain of recommendation system, and show by experiments its 

effectiveness to filter out the items that users may dislike. In order to provide the reasonable 

performance of BRW in the domain, we modify the existing Top-k algorithm, BCA, and 

propose a new algorithm, Bicolor-BCA. The proposed algorithm yet requires employing 

a threshold. In the experiment, we show how threshold values affect both precision and 

performance of the algorithm.
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1. Introduction

Thanks to its flexibility to accept various 

types of data, the graph data model is used 

in many applications [11]. Especially, the 

graph-based recommendation system is a 

well-known application that can recommend 

users some items by measuring the proximity 

between nodes. For instance, if we regard 

users and items as nodes and then convert 

the purchase history into edges between no-

des, it can sort out other items which are 

linked through the purchase history of users 

based on proximity.

Random Walk with Restart (RWR) is one 

of the most representative proximity measur-

ing techniques which are typically used in the 

graph-based application system. A repre-

sentative example of RWR application in the 

recommendation and search field is Google’s 

PageRank [13]. The PageRank algorithm mod-

els documents as nodes and defines hyperlinks 

between them as edges, and calculates the 

probability of a random surfer staying on a 

certain page at a certain time. Since the suc-

cess of this approach, other expanded models 

which overcome the shortcomings of the 

early model have been proposed. Personalized 

PageRank [7], SimRank [10], and ObjectRank 

[3] are the typical standard graph-based prox-

imity measures. 

In this paper, we consider a graph that the 

RWR model cannot process, and discuss a 

technique that can handle this type of graph. 

The type of graph we handle in this paper is 

a signed graph. The weighted values of edges 

of the existing random walk model are real 

numbers between 0 and 1, and if the weights 

of all edges that belong to one node are added 

up, the sum amounts to 1. This shows that 

the RWR model is based on the calculation 

of probability. Therefore, if the edge weight 

has a negative value, the basic hypothesis of 

RWR does not hold true, and therefore it can-

not process a signed graph. 

A singed graph can appear in many appli-

cation services. For instance, let us consider 

a movie rating service with the scale of 1 to 

5 points. If we look into nodes between mov-

ies and users, the weighted values of 1 to 5 

points are given to edges between them. 

Generally, the point between 1 and 2 means 

a negative review of a user about a movie. 

Therefore, the proposed graph will be modi-

fied to have the weighted values of -2 to 2 

points. Likewise, singed graphs often occur in 

the kind of services which deal with the feed-

backs of users, and this can be utilized as im-

portant information for the recommended 

system. 

The basic method to process signed graphs 

is the shifting technique which convert the 

graphs of -2 to 2 points to those of 1 to 5 

points. However, this technique places prior-

ity on items that users dislike (those with 

points of 1 or 2) over those which they have 

not used before (those not linked with edges). 

A simple shifting technique is not enough to 
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   -1           +1            +1            -1            -1            +1

<Figure 1> Example of a Signed Graph

solve problems, because it is important for a 

recommendation system to reduce the number 

of items that users dislike. 

In this study, we propose a novel method 

to perform Random Walk with Restart over 

signed graphs. The major content is as follows.

- Based on Balance Theory by F. Heider, 

which is studied in social science, we 

propose a technique to process signed 

graphs. This model is called Balanced 

Random Walk.

- For a fast calculation of our proposed 

model, we propose a new algorithm by 

expanding the exiting Top-K RWR al-

gorithm. This algorithm is called Bicolor-

BCA Algorithm. 

- We perform the experimental evaluation 

to show the effectiveness of the proposed 

algorithm, and also how the threshold 

values can affect the algorithm.

The rest of this paper is as follows. In Section 

2, we introduce the background knowledge and 

related studies and offer the problem definition. 

In Section 3, we introduce Balanced Random 

Walk. Section 4, we introduce Bicolor-BCA 

Algorithm for a faster calculation of Balanced 

Random Walk. In Section 5, we verify our pro-

posed algorithm through experiments. Finally 

in Section 6, we present the conclusion and 

future study direction. 

2. Backgrounds

2.1 Random Walk with Restart Model

In Random Walk with Restart (RWR), the 

steady-state probability ( ) of a random surfer 

of each node on a given graph      is 

defined as the following equation, and the com-

putation of   must be repeated until the con-

dition ( ≅
) is met [15]. 

  




In the above equation,   means the tran-

sition matrix of a graph,   is a vector where 

the value of a query node is 1 and the rest 

are 0.   is a constant number of 0.85, which 

is used as a factor to determine whether it 

will transmit to adjacent nodes or return to 

the query node.

2.2 Signed Graphs Processing Technique

The typically used methods to process 

signed graphs are the shifting method and the 

splitting method. To explain the methods, let 

us consider a simple graph as shown in 
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<Figure 2> Applying Shifting Method to a Signed Graph
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<Figure 3> Applying Splitting Method to a Signed Graph

<Figure 1>.

We will measure the proximity of items 

(～) based on   which is located at the 

center.

The first method is the shifting method. In 

this method, we substitute the values of -1 

to 1 with the corresponding values of 1～3. The 

results are as follows in <Figure 2>. Based 

on the condition which gives higher scores to 

nodes at the same distance from the adjacent 

nodes, the results of the arrangement will be 

in the order of   > >   > . In accordance 

with the definition of RWR, it is general to 

give a higher score to more adjacent nodes. 

As a result, higher score is given to , which 

has a negative score in the original graph. 

The second available method is the splitting 

method [6]. The splitting method divides one 

graph     into two sub-graphs: 

    and      (<Figure 

3>). If we perform the RWR respectively on 

each split sub-graph, we can get their re-

spective probability distribution of    and  . 

Finally, we can use the value of (  ) 

as the ranking function. 

Although the splitting method can reflect 

both the negative and positive meaning of 

edges, the connection relationship between 

nodes often disappears in the middle of the 

process. It has a shortcoming, in that it cannot 

generate any recommendation results in some 

cases. Therefore, a new method is required 

to make up for such disadvantage. 

2.3 Balance Theory

Balance Theory is a social science theory 

introduced by Fritz Heider, which argues that 

if an imbalance occurs in a cognitive aspect, 

individuals try to continue to maintain the 

balance by changing their attitudes [9]. The 

balance state can be explained intuitively with 

three nodes over graphs.

Let us consider that the graph in <Figure 

4> shows the relationship of a friend and an 

enemy. ‘+’ marked on edges between nodes 
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<Figure 4> Balanced or Unbalanced Graphs by Balance Theory

means a friendly relation between nodes, 

while ‘–’ signifies a hostile relation between 

nodes. Nodes ‘a,’ ‘b’ and ‘c’ in the leftmost fig-

ure all have friendly relationships with each 

other and are in a balanced state. The rela-

tionship between nodes ‘b’ and ‘c’ in the sec-

ond leftmost figure is friendly, while their re-

lationships with ‘a’ are hostile, which can be 

also said to be in a balanced state. On the 

rightmost figure, node ‘c’ has a friendly rela-

tionship with nodes ‘a’ and ‘b,’ while the rela-

tionship between ‘a’ and ‘b’ is hostile. In such 

a case, an imbalanced state occurs. According 

to Balance Theory, if an imbalance happens, 

it tries to return to a balanced state by chang-

ing attitudes. In a balanced state, the follow-

ing four propositions hold true. (1) The friend 

of my friend is my friend. (2) The enemy of 

my friend is my enemy. (3) The friend of my 

enemy is my enemy. (4) The enemy of my 

enemy is my friend.

We propose Balanced Random Walk ap-

plied the above Balance Theory. Of course, 

it is impossible to apply Balance Theory to 

all kinds of application services. But the theo-

ry can play a critical role in such domains as 

product recommendation service and social 

network analysis. 

2.4. Top-k RWR Algorithms

If we use the RWR model, we can calculate 

the proximity of a certain query node to all 

nodes. However, if the graph-based recom-

mendation system can obtain the number (‘k’) 

of items which are to be recommended to real 

users, the rest of the calculation is meaningless. 

Studies were actively conducted on the calcu-

lation (the Top-k RWR). 

Algorithms in the first category exploit 

Monte-Carlo technique [1, 2]. As the RWR 

model calculates the probability that a random 

user will stay at a node at a certain time, 

Monte-Carlo technique is the intuitive materi-

alization of the model which allows a multiple 

number of random surfers to simultaneously 

perform the RWR by intuitively implementing 

the RWR model. However, if the number of 

random surfers surpasses that of edges, this 

model requires unnecessary calculation. To 

overcome this shortcoming, BCA (Bookmark 

Coloring Approach) was introduced, which can 

reduce unnecessary calculation by transmitting 

the probability values [5]. And the last category 
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<Figure 5> Virtual Edge in a Signed Graph
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<Figure 6> Applying BRW to a Signed Graph

is the Equation Solving Approach to simplify 

the entire calculation by using the inverse of 

matrices [8]. However, this method has its own 

disadvantage, in that if a graph changes, it 

is necessary to recalculate the inverse of ma-

trices again. 

In this study, we developed Balanced 

Random Walk by expanding the BCA algorithm 

among the above three methods. The detailed 

procedures will be explained in Section 4. 

3. Balanced Random Walk

Let us reconsider the example mentioned 

in Section 2 to implement Balanced Random 

Walk (BRW). In accordance with Balance 

Theory by F. Heider, we presume that a graph 

is in a balanced sate, and then we perform 

the RWR to obtain the results in the order 

of   >   >   > . To this end, we con-

ceptually create a virtual edge between ‘’ 

and ‘’, both of whom dislike the same item 

‘’, and form a friendly relationship between 

them. After calculating the respective scores 

of the positive and negative relationship sepa-

rately, we reflect the difference in the score 

of the concerned node (<Figure 5>).

We obtain a new graph ( ′ ) by under-
going the following procedures on the given 

graph (   ) in a more ordinary form.

 
- Copy the graph () and obtain   and 

 . The union (∪) 

of these can be defined as the early ( ′).
- In   and , the edge which has a neg-

ative weight is changed into the cross 

edge between them.

As the RWR is performed on  ′ , the query 
node in an early stage starts with   of 

. 

In the above example, although   and   

are not connected and separated from each 

other, the correlation between the sub-graphs 

usually exists in case of a big graph. For ex-

ample, if there exists ‘’, who likes both ‘’ 

and ‘’, the two sub-graphs will be con-
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nected. Therefore, vectors    and    are 

created as the results of the RWR. These val-

ues can be utilized to identify the preference 

of ‘.’ Finally we use ( 

) as the value 

of the ranking function.

In conclusion, if Balance Theory is applied 

to a graph, it is possible to measure the prox-

imity based on our proposed BRW. The 

graphs in which Balance Theory holds true 

are exceptionally in a great number. The 

friend relationship graph of a social network 

is a typical graph which Balance Theory is 

applied to. Most of the cases are that the 

friend of my friend is my friend. However, if 

the enemy of my enemy is my enemy, the bal-

ance theory does not always hold true, to 

which much attention should be paid. If we 

take another example, in case that a graph 

shows a correlation between nodes, Balance 

Theory holds true. If negative relationships 

overlap, it is transformed into a positive 

correlation. We conduct an experiment on a 

movie recommendation algorithm by using 

movie review grades. In this case, our pro-

posed method has a positive influence on the 

recommendation results, which will be ex-

plained in detail in Section 5.

4. Bicolor-BCA Algorithm

As mentioned in Section 1, the random 

walk model performs a number of calculations 

to obtain a converged probability. Especially 

because it repetitively performs the computa-

tion of matrix multiplication, which requires 

a large amount of calculations, it is not suit-

able for search or recommendation appli-

cations. Because of that, there is a service 

which does pre-computation and offers the 

results when it has an inquiry. This kind of 

service has its own shortcoming, in that it 

cannot well respond to a change in a graph.

BCA (Bookmark Coloring Approach) is an 

algorithm which returns the corresponding 

Top-k result node to the given query node 

[4]. This algorithm is implemented by mim-

icking the phenomenon of smearing of paint 

to neighboring area on paper. That is to say, 

if the amount of ‘1’ of coloring agent is in-

jected into a query node, the corresponding 

coloring agent (1-c) remains in the current 

node, and the rest of paint (‘c’) will smear into 

the neighboring nodes. The process will be 

performed in a recursive manner, and the al-

gorithm comes to stop when the amount of 

the remaining coloring agent to smear into 

neighboring nodes becomes under the thresh-

old value, theta (). Finally, the remaining 

coloring agent of each node is used as the 

score of the concerned node. 

As we defined a model over a new type 

of graph, we could not use the existing 

methods. <Figure 7> shows the pseudo 

code of Bicolor-BCA algorithm which per-

forms the Balanced Random Walk on a 

signed graph. 
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Input: A graph    ∪  , a 

query node ∈
Output: A score vector 

1. Insert     to 

2. At each step, we compare top elements in   

and  , and select the bigger element 

  

   If  , then stop to deque. 

   If ∈ , then   ×
   Otherwise, 


 ×

   Propagate ×   to neighbors
    - If ∈  and ∈ , then insert new 

element to 

    - If ∈  and ∈ , then insert new 

element to 

    - If ∈  and ∈ , then insert new 

element to 

    - If ∈  and ∈ , then insert new 

element to 

3. Ranking score = (    )

<Figure 7> Bicolor-BCA Algorithm in 

Pseudo Code

The algorithm uses two priority queues 

(  and ), and the score of nodes are stor-

ed in    and  . The query node is ‘n’. At 

an early stage of algorithm, we added a value 

to   to enable random suffers to move. And 

then, after extracting the value of the node 

with the largest remaining amount of paint 

among queues, we multiply the node value by 

 . As a result, the amount of remaining 

transmissible paint remains as much as ×, 

and the value is transmitted to the next ap-

propriate queue depending on the current 

queue state and on the signs of edges. When 

the amount of remaining coloring agent falls 

below a certain point, the algorithm comes to 

end. Finally, (     ) is used as the score 

of the concerned node.

One of the advantages of Bicolor-BCA algo-

rithm is a low space complexity. In Section 

3, BRW has its own shortcoming, in that the 

number of nodes and edges conceptually need 

to be doubled in order to implement the 

algorithm. Considering that a massive graph 

often occurs in the recent years, it is too bulky. 

However, the proposed algorithm can be im-

plemented with two priority queues and two 

score vectors. Each of them can have a length 

equivalent to the number of nodes or a max-

imum number of ‘n’. Therefore, it can be per-

formed at a relatively low space complexity.  

5. Experiment

Through the experiment, we verified the 

ranking accuracy of our proposed BRW and 

also the computational efficiency of Bicolor-

BCA algorithm. The data used in the experi-

ment comes from MovieLens-100K [12]. This 

is a dataset that contains 1,682 movies re-

views of 943 users and 100k number of rating 

data, and is often used to verify the perform-

ance of a recommender system. 

The collaborative filtering (CF) method is 

used as a comparative model against the pro-

posed model. We used the user-oriented CF 

[14]. As other comparative object model, we 

carried out the shifting method and the split-

ting method using the Random Walk model 
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(a) accuracy w.r.t. affirmative recommendation: PR(10) (b) accuracy w.r.t. negative recommendation: IPR(10)

<Figure 8> The Performance of Bicolor-BCA Compared to Others

[6]. The conversion method was used to 

change the values of 1 to 5 points to those 

of -2 to 2. In the splitting method, the scores 

of 1 to 2 mean negative opinions, while the 

scores of 4 to 5 mean positive opinions. As 

the original BCA algorithm cannot process 

negative edge, it is not suitable for objective 

comparison. Thereofore, it was excluded from 

the experiment.

To check the recommendation accuracy, 

Precision (PR@10) and Inverse Precision 

(IPR@10) are used. PR@10 shows how many 

items which receive positive reviews (average 

rating score of 4 and higher) are distributed 

among 10 recommendation results. Likewise, 

IPR@10 measures how many items which re-

ceive negative reviews (average rating score 

of 2 and lower) are distributed among 10 recom-

mendation results. Therefore, if the IRP is high, 

the reliability of the recommendation results 

is very low.

<Figure 8> shows the results of the ex-

periment to verify the effect on accuracy. In 

terms of PR@10, our proposed algorithm 

shows a higher level of accuracy than Shift 

and Split methods. This means that our pro-

posed system overcomes for the shortcoming 

of the Shift method by correcting the wrong 

interpretation of negative opinions, while it 

also make up for the disadvantage of the Split 

method that it sometimes fails to generate the 

recommendation results. Also, the accuracy of 

our proposed system does not fall behind 

compared to CF, which is commonly used. 

Generally as a graph-based recommendation 

system is not subject to limitation depending 

on the type of recommendation items, it has 

the merit to be used to implement a more flex-

ible recommendation system. 

In terms of IPR, we can see more distinc-

tive differences compared to CF. The pro-

posed algorithm has a lower probability of in-

cluding those items that users dislike, com-

pared to other algorithms. Although the Split 

method showed relatively lower results than 

the proposed algorithm, it sometimes fails to 

generate any recommendation results.

In addition, we perform the experiment on 

the efficiency of Bicolor-BCA method (<Figure 

9>). By changing the threshold among a dataset 



164  한국 자거래학회지 제20권 제2호

of the same MovieLens, we measure changes 

in accuracy. If the threshold is low, a lower 

amount of coloring agent can smear into a wider 

neighboring area, which results in more fre-

quent dequeue computations and requires more 

time. If we look at the following results, the 

time required to process an inquiry at   , 

it takes almost three seconds. Given this, it 

is too slow to handle a large dataset in a real 

application. At   , it shows an accuracy 

level similar to the CF level in the afore-

mentioned experiment.

<Figure 9> The Performance of 

Bicolor-BCA by Different 

Threshold Values

6. Conclusions

We proposed BRW (Balanced Random 

Walk) and Bicolor-BCA algorithm to process 

signed graphs, in order to overcome the 

shortcomings of the existing RWR model. 

The BRW model is designed to allow random 

surfers to move in accordance with Balance 

Theory by F. Heider, and it shows a higher 

accuracy than the user-oriented collaborative 

filtering of a real recommendation system. 

The values of BRW model can be quickly 

computed over the Top-k items by Bicolor-

BCA algorithm. By changing the threshold val-

ue, we can select higher accuracy or faster 

performance time. In the future study, we need 

to produce a significant result by applying our 

proposed algorithm to the analysis of a correla-

tion coefficient graph where Balance Theory 

holds true. Another important future study is 

to develop another model that can process sign-

ed graphs, except for Balance Theory, and to 

perform a comparable study with the model 

presented in this paper.
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